and Surrealists (SR). A multivariate generalised autoregressive conditional heteroskedasticity (MGARCH) model is used to identify the source and magnitude of spillovers. The results indicate the presence of large and predominantly positive mean return and volatility spillovers, though the spillovers between art markets are not homogeneous.
I. INTRODUCTION
It goes without saying that art markets differ substantially from financial markets. Most art markets would appear to be characterised by product heterogeneity, illiquidity, market segmentation, information asymmetries, behavioural abnormalities, and monopolistic price setting. And there is no doubting the fact that a substantial component of the return from art investment is derived not from financial returns rather from intrinsic aesthetic qualities.
However, in recent years it has been widely accepted that most art markets have moved closer to the ideals set by financial markets. Turnover has increased dramatically in a globalised setting, information on alternative art investments is now more accessible, and the publishing and dissemination of catalogues has increased the amount of information available to both buyers and sellers.
The growing interest in the economics of art markets [see, for instance, Pesando (1993) , Goetzmann (1993) , de-la Barre et al. (1994) , Frey and Eichenberger (1995a; 1995b) , Curry (1998), Frey and Pommerehne (1998) , Flores et al. (1999) and Pesando and Shum (1999) ] has prompted a number of studies to examine the mechanism by which art market returns are transmitted amongst each other, analogous to the well-investigated linkages among financial markets. Most art market studies have relied upon zero-order correlation analysis and just a few studies of market interdependencies have employed Granger-causality testing of market indices [see, for example, Ginsburgh and Jeanfils (1995) and Chanel (1995)] . No work to date into art market interrelationships has availed itself of the sizeable advances in modeling that take into account the time-varying properties of art market data. To meet this deficiency, this note examines the relationships between eight major art markets using a multivariate generalised autoregressive conditional heteroskedasticity (MGARCH) approach (Engle and Kroner 1995; Gallagher and Twomey 1998; Dunne 1999 
III. MULTIVARIATE GARCH MODEL
The following model is developed to examine the joint processes relating the monthly rates of return for the eight art markets. The sample period is chosen on the basis that it represents the longest common time period over which data for most of the major art markets is available.
The following conditional expected return equation accommodates each market's own returns and the returns of other markets lagged one period:
where R t is an n  1 vector of weekly returns at time t for each market and
The n  1 vector of random errors,  t is the innovation for each market at time t with its corresponding n  n conditional variance-covariance matrix, H t . The market information available at time t -1 is represented by the information set I t-1 . The n  1 vector, , represent long-term drift coefficients. The elements a ij of the matrix A are the degree of mean spillover effect across markets, or put differently, the current returns in market i that can be used to predict future returns (one month in advance) in market j. The estimates of the elements of the matrix, A, can provide measures of the significance of the own and cross-mean spillovers.
This multivariate structure then enables the measurement of the effects of the innovations in the mean returns of one series on its own lagged returns and those of the lagged returns of other markets.
For the purposes of the analysis, the BEKK (Baba, Engle, Kraft and Kroner) model is employed, whereby the variance-covariance matrix of equations depends on the squares and cross products of innovation  t and volatility H t for each market lagged one period. One important feature of this specification is that it builds in sufficient generality, allowing the conditional variances and covariances of the stock markets to influence each other, and, at the same time, does not require the estimation of a large number of parameters (Bollerslev 1990; Bollerslev et al. 1992; Karolyi 1995) . The model also ensures the condition of a positive semi-definite conditional variance-covariance matrix in the optimisation process, and is a necessary condition for the estimated variances to be zero or positive. The BEKK parameterisation for the MGARCH model is written as:
where b ij are elements of an n  n symmetric matrix of constants B, the elements c ij of the symmetric n  n matrix C measure the degree of innovation from market i to market j, and the elements g ij of the symmetric n  n matrix G indicate the persistence in conditional volatility between market i and market j. This can be expressed for the bivariate case of the BEKK as: 
In this parameterization, the parameters b ij , c ij and g ij cannot be interpreted on an individual basis: "…instead, the functions of the parameters which form the intercept terms and the coefficients of the lagged variance, covariance, and error terms that appear are of interest" (Kearney and Patton 2000: 36) . With the assumption that the random errors are normally distributed, the log-likelihood function for the MGARCH model is:
where T is the number of observations, n is the number of markets,  is the vector of parameters to be estimated, and all other variables are as previously defined. The BHHH (Berndt, Hall, Hall and Hausman) algorithm is used to produce the maximum likelihood parameter estimates and their corresponding asymptotic standard errors. Overall, the proposed model has sixty-four parameters in the mean equations, excluding the eight constant (intercept) parameters, and thirty-five intercept, thirty-five white noise and thirty-five volatility parameters in the estimation of the covariance process, giving one hundred and seventy-seven parameters in total. The Ljung-Box Q statistic is used to test for independence of higher relationships as manifested in volatility clustering by the MGARCH model [Huang and Yang 2000:329] . This statistic is given by:
where r(j) is the sample autocorrelation at lag j calculated from the noise terms and T is the number of observations. Q is asymptotically distributed as  2 with (p -k) degrees of freedom and k is the number of explanatory variables. The test statistic in (5) is used to test the null hypothesis that the model is independent of the higher order volatility relationships.
IV. EMPIRICAL RESULTS
The estimated coefficients and standard errors for the conditional mean return equations are presented in Table 2 . All art markets examined exhibit significant own mean return spillovers with values ranging from 0.3644 (OM) to 0.5675 (NE). Just four of the eight art markets, namely CM, OM, NE and FI exhibit significant mean return spillovers from lagged returns in other markets. The mean return for CM is influenced by its own lagged returns and those of SR, OM is influenced by its own lagged returns and also CM and NE, the mean return for NE is influenced by the lagged returns in CM and ME along with its own lagged returns, and FI is influenced by OM and its own lagged returns. The mean returns in ME, SR, TE and US are influenced only by their lagged returns.
<TABLE 2 HERE>
Importantly, the mean return spillovers from lagged art markets are not homogeneous. For example, a one percent increase in the lagged NE art market will Granger-cause the OM art market to increase by 0.103 percent over the following month, while the lagged return in CM Granger-causes an increase in the order of 0.119 percent. However, in reference to NE a one percent increase in CM will Granger-cause a 0.234 percent increase while ME will Grangercause a 0.3803 percent increase. While innovations from most of the markets do get eventually incorporated into other markets with a lag, across all markets it is generally found that the magnitudes of causation for own mean return spillovers are larger than those for the cross mean return spillovers. This suggests that art markets, at least those examined in the current analysis, are relatively isolated from each other in terms of mean return spillovers. Table 3 presents the estimated coefficients for the variance covariance matrix of equations.
The conditional variance covariance equations effectively capture the volatility and cross volatility spillovers among the eight art markets. These quantify the effects of the lagged own and cross innovations and lagged own and cross volatility persistence on the present own and cross volatility of the eight art markets, indicating the presence of a weak ARCH effect, but a strong GARCH effect. There is then little evidence of innovation spillover effect but strong evidence of conditional volatility. Overall, there is strong evidence of time-variation in market risk.
<TABLE 3 HERE>
The coefficients of the variance covariance equations are insignificant for own and cross innovations and significant for own and cross volatility spillovers to the individual returns for all art markets. This suggests the presence of weak ARCH effects. Own-innovation spillover effects range from 0.0093 (ME) to 0.0975 (CM). In terms of cross-innovation effects in the art markets, past innovations in TE have the greatest effect on future volatility in CM from among past innovations in other art market returns. However, in the case of TE and US past innovations in CM have the greatest influence on future volatility.
In the GARCH set of parameters, seventy-three percent of the estimated coefficients are significant. For NE the lagged volatility spillover effects range from 0.61 for TE to 0.94 for OM. This means that past volatility shocks in OM have a greater effect on future NE volatility over time than past volatility shocks in other art returns. Conversely, in US the past volatility shocks range from 0.31 for SR to 0.90 for NE. In terms of cross-volatility for the GARCH parameters, the most influential market would appear to be NE. That is, past volatility shocks in the NE art market have the greatest effect on future volatility in the remaining seven art markets.
The sum of the ARCH and GARCH coefficients measures the overall persistence in own and cross conditional volatility. There is evidence of a weak own persistent volatility of 0.1078 for ME while the remaining seven markets exhibit strong own persistent volatility ranging from 0.8723 for TE to 0.9521 for CM. Thus, CM has a lead-persistence volatility spillover effect on the remaining markets. The cross-volatility persistence spillover effects range from 0.3934 for SR to 0.9697 for NE to US. Finally, the Ljung-Box (LB) Q statistics for the standardised residuals in Table 4 
